2 Summary 1. A key challenge for both ecological researchers and biodiversity managers is the measurement and prediction of species richness across spatial scales. Typically, biodiversity is assessed at fine scales (e.g. in quadrats or transects) for practical reasons, but often we are interested in coarser scale (field, regional, global) diversity issues. Moreover, the pressures affecting biodiversity patterns are often scale-specific, making multi-scale assessment a crucial methodological priority. As species richness is not additive, it is difficult to translate from the scale of measurement to the scale(s) of interest. A number of methods have been proposed to tackle this problem, but most are too model-specific or too rigid to allow general application. Here we present a general framework (and a specific implementation of it) that allows such scale translations to be performed.
Introduction
Virtually everything important in ecology is deeply tied up in issues of scale. Physical conditions vary in complex, multi-scaled ways in space and time, and different organisms perceive, move and respond to conditions (behaviourally, physiologically and demographically) at different scales (Haskell et al., 2002) . These different populations may interact in scale-specific ways, further complicating biodiversity patterns across scales. Different drivers of ecological change (natural or anthropogenic) tend to act over different ranges of scales (Moorcroft et al., 2001) , and as a result biodiversity change may be different in strength or even in sign at different scales (Keil et al., 2011; Carvalheiro et al., 2013) . Our concerns about natural systems are also scale-specific; conservation goals may concern global, national or regional diversity, whereas ecosystem service arguments largely concern local or landscape-scale community properties (Hein et al., 2006) . Finally, our efforts to monitor, understand and manage ecological communities are also intrinsically scale-bound.
We tend to manage and measure things at scales convenient to ourselves, but often we are concerned about the properties of a community at rather different scales. Thus for example, a particular agri-environmental scheme may be implemented at farm or field scale, but we will tend to monitor its effects on diversity at quadrat, trap or transect scale, and meanwhile our interests may concern its landscape or national scale impacts (Hein et al., 2006) . Similar issues hold for many other topics of ecological research: alien species for instance may lower species richness at fine scales but increase it at regional to continental scales (Rosenzweig, 2001; Powell et al., 2013) ; whatever scale sample we use to monitor their effects can only reflect part of that complexity. We cannot afford to tile a whole landscape or continent in quadrats, so we typically take a standardised sample of some sort, but that will tell us only of diversity change at the scale of the sample , and we cannot simply sum up the species counts of our samples to get the coarser scale estimate, because species richness is not additive. The increase at coarse scale depends in part on the turnover in species (β diversity at different scales) between different locations across a focal landscape or region. Thus we need to incorporate such turnover to translate biodiversity information across scales.
To make progress in this respect requires bringing together multiple spatial ecological patterns into a single overarching framework. Spatial ecologists have amassed a wide array of classic biodiversity descriptors, including, inter alia, species-area relationships (SAR) (Arrhenius, 1921; Rosenzweig, 1995) , species-abundance distributions (SAD) (McGill et al., 2007) and the distance decay of similarity (Tilman & Kareiva, 1997; Morlon et al., 2008) . A great deal of attention has been devoted to debating the precise functional forms of these curves; SAR functions, for example, have varied widely, including accelerating, decelerating and triphasic functions (Tjørve, 2003; Connor et al., 1983) . There is a growing appreciation that the various spatial biodiversity descriptors are intrinsically inter-related, and substantial efforts have been devoted to understanding the links between them (Hanski & Gyllenberg, 1997; Plotkin et al., 2000; Storch et al., 2007; McGill, 2010) . However, there is not yet any general method for linking them across scales, and one of the central challenges we face as a discipline is to bring together these various patterns into a general unified theoretical framework. At least two recent models have successfully predicted many or all of the above patterns. Spatially explicit forms of the neutral theory of biodiversity and biogeography (Hubbell, 2001; Rosindell & Cornell, 2007) can predict specific SAD, SAR and distance-decay functions from simple mechanistic community dynamics. Similarly, the maximum entropy theory of ecology (METE) (Harte, 2011) predicts SAD and SAR patterns from simple biological constraints and statistical considerations and has tacit assumptions about distant decay functions as well. These two approaches predict rather different patterns; for example, the spatial neutral model predicts a tripahasic SAR (Rosindell & Cornell, 2007 ) whereas the METE model predicts a function that decelerates towards an asymptote (Harte, 2011) . Both of these approaches have aspired to explore wide ranges of ecological patterns using only a few basic parameters, and each had substantial success (Volkov et al., 2003; Alonso et al., 2006; Azaele et al., 2006; Harte et al., 2008; Phillips & Dudik, 2008; Azaele et al., 2010; Suweis et al., 2012) . However, the simplicity of these approaches is also a weakness: each presents a fairly rigid and idiosyncratic structure based on modelling idealized natural communities at stationarity. This makes them poorly suited to assessing or monitoring natural or anthropogenic communities in flux, or for assessing biodiversity changes in response to management (Drakare et al., 2006) . A more robust and general approach to unifying spatial ecological pattern is needed (Fig.1) .
Such a unified spatial framework could have important practical value. Despite centuries of study, the biological diversity of our planet is not well described; in some regions and habitats (e.g., tropical forests, deep seas) only a small fraction of the species present are known to science (Mora & Sale, 2011) , while some taxonomic groups (e.g., nematodes, mites) remain poorly explored in any region (Groombridge et al., 1992) . Even in well-studied taxa and regions, the difficulties entailed in comprehensive surveys make broad-scale biodiversity change expensive or impractical to monitor. If we had a robust framework for translating biodiversity information across scales, it would allow fine scale sampling to be up-scaled to produce coarser-scale biodiversity estimates, and repeated rounds of such surveys would allow multiscale assessment of biotic change (Keil et al., 2011; Carvalheiro et al., 2013) . Environmental change or management can result in biotic homogenization or altered spatial patterning, po-tentially shifting the shape of SARs or other spatial biodiversity patterns (Fraterrigo & Rusak, 2008; Loreau, 2010) ; such changes would be invisible to existing (idealised) unified model approaches (Drakare et al., 2006) , making such methods unsuitable for monitoring biotic change.
What is required, therefore, is a general methodology for predicting and linking spatial biodiversity patterns across scales that is sufficiently robust and flexible to allow its application to a range of natural or managed systems. Here we propose such an approach.
At the centre of our approach is a method for describing the spatial structure of species' abundances. Most species' populations are spatially aggregated (Plotkin et al., 2000; Plotkin & Muller-Landau, 2002; Storch et al., 2007; Harte et al., 2009) , and this results in a pattern of increasing species turnover with distance (Plotkin & Muller-Landau, 2002; Storch et al., 2007; Morlon et al., 2008) , the distance-decay of similarity (Morlon et al., 2008) . This pattern can be captured by the spatial pair correlation function (PCF), which describes the correlation in species' abundances between pairs of samples as a function of the distance between them Zillio et al., 2005) . If populations were randomly distributed in space, distinct communities would share the same fraction of species on average regardless of their spatial separation, and therefore the PCF would not depend on distance; whereas in highly aggregated communities correlations in abundance would fall off steeply with increasing distance.
The PCF measures not only the rate of turnover in species composition, it also reflects the variation of population clustering across scales, because the variance in species abundances at any particular scale can be calculated directly from the PCF. Therefore, the PCF is related to the spatial species abundance distribution (sSAD), i.e. the number of species with a given number of individuals when we focus on a particular area. A region with a relatively high population variance leads naturally to a broad SAD with a wide spread in the abundances of species; conversely, a low population variance leads to a relatively narrow SAD. The PCF is thus able to link the effects of aggregation, similarity decay, species richness and species abundances across scales. However, the PCF does not uniquely determine the sSAD, because many different distributions of species abundances would have the same variance (i.e., a generic distribution is not specified completely by its mean and second moment). However, in the following we will show how our framework is able to predict the sSAD from the PCF with minimal additional assumptions.
Materials and Methods

GENERAL FORMULATION OF THE METHODOLOGY
In order to link and predict the SAR and the sSAD patterns at different scales, we first compute the empirical PCF at a set of distances r and fit a function, g(r), to interpolate between these distances. The specific form of the PCF is not important, so long as it gives a good fit to the empirical data; even a non-parametric form could be used. In this study we used the modified Bessel function of the second kind (Lebedev & Silverman, 1972) , which provided a good description of the data and is also amenable to analytical calculations (see Implementation of the framework).
Second, we select a suitable family of SAD curves. A wide range of functional forms have been used in this context (McGill et al., 2007) , and any of them can be adapted to our framework. We have opted here to use a Gamma distribution, as it is widely used, mathematically flexible, and fits empirical SADs well (Dennis & Patil, 1984; Engen & Lande, 1996; Azaele et al., 2006) . Third, we use the spatial information encapsulated in the PCF to define a suitable sSAD, which gives the number of species with n individuals within a circular area of radius R. Since we used the Gamma distribution for the SAD and that depends on two parameters, the predicted SAD at any particular scale is then unambiguously determined by two constraints: the mean density of individuals per species at some focal scale (which is readily obtained from the data) and the variance in abundance at that scale. By integrating twice g(r) − 1 with respect to a given area in space, one obtains a quantity that is proportional to the variance in abundance over that area as shown in the Supporting Information. We can therefore link the PCF to the sSAD analytically. We also need to know the total number of species at some reference spatial scale, in order to fix the overall normalization of the SAD.
Assumptions of the Method. This methodology does not depend on the particular analytical forms of the PCF or SAD, so long as the function is flexible enough to fit the data across scales (with scale-specific parameters); in principle the method could accommodate any function for the PCF or SAD. The advantage of this approach is that one can explore features of species' spatial distributions without resorting to any underlying model. However, the approach relies on some important assumptions: i) the functional form of the SAD is the same at different spatial scales and therefore the effect of space is introduced only through the parameters, which are functions of the spatial scale (we have borrowed this hypothesis from the phenomenological renormalization group (Plischke & Bergersen, 2006, sec. 6 .5)); ii) the empirical SAD of the region on which one applies the method should be well approximated by a smooth curve at least at some focal scale and, at finer spatial scales, should not strongly depend on the position where it was calculated. Therefore, the region should have moderate levels of random environmental variability and contain a sufficiently large number of species; iii) at the scale of the study region the inhomogeneities and anisotropies (e.g., strong gradients, important topological differences of the landscape (Muneepeerakul et al., 2011) , large variations on habitat quality, etc.) should not be very strong. In the presence of major abrupt environmental shifts, in fact, the species turnover between two spatial points x and y can depend on the position x and y. Instead, the method requires that the PCF depends only on the distance between the two points; iv) the fine-scale samples scattered at random should be sufficiently representative of the environmen-tal conditions and biodiversity richness of the entire study region; v) The spatial distribution of individuals should not be so patchy and irregular that the total number of individuals does not scale linearly with area. Although the framework could accommodate more general relations, the current formulation assumes a linear relation between the total number of individuals and the area where they live in.
IMPLEMENTATION OF THE FRAMEWORK
In this section we provide details for implementing the proposed general framework with specific functions for the PCF and SAD, thus obtaining a link between the PCF, sSAD and SAR patterns.
The PCF is the fundamental spatial pattern linking all the other ones in our framework. For reasons that we clarify in the following, we have used the following definition g(r) := n x n y n 2 , where |x − y| = r (1) n x is the density of individuals per species at x and n = N 0 /(S 0 A 0 ) is the mean population density per species. N 0 is the total number of individuals, S 0 the total number of species and A 0 the total area of the study region.
Let us assume that N µ (x, a) is the number of individuals of species µ present within the sample located at x with area a. In order to define empirically the numerator of Eq.
(1), we selected two non-overlapping regions of the same area at distance r, then multiplied the number of individuals belonging to the same species present in the corresponding regions and, finally, averaged across species. Therefore, we have calculated
This correlation measure does depend on the sizes (resolution), a, of the areas of the samples. However, we can disentangle the effects of the size of different sampled areas from those due to their spatial separation by dividing the expression in Eq.(2) by
The resulting ratio of the expressions in (2) and (3) is roughly independent of a at least for |x − y| = r ≫ √ a, because both are approximately proportional to a 2 . We found that these considerations are in very good agreement with the empirical data as shown in Fig.S1 .
Therefore, the empirical PCF has been defined as
where the first sum is meant to be over the samples at locations x and y, δ a,b equals one if a = b and is zero otherwise and K r = x,y δ |x−y|,r gives the number of sample pairs at distance r.
Assuming a homogeneous and isotropic distribution of individuals, this expression is equivalent to Eq. (1) and approximately independent of a.
As a theoretical curve we have used
because it provides good fits to the empirical PCF and is amenable to analytical calculations.
is the modified Bessel function of the second kind (Lebedev & Silverman, 1972) . This function was already derived in the context of neutral models of biodiversity (Condit et al., 2002; Zillio et al., 2005) . In our framework ρ and λ have the dimensions of a length: when r ≫ λ the system becomes effectively uncorrelated.
The variance of the population of different species living in circular areas of radius R is
In the Supporting Information we show how to calculate σ 2 (R) analytically from the PCF. Once we have a formula for the variance of the population at different scales, we can bring the spatial information encapsulated within the PCF into the sSAD.
As noted above, we have chosen here to use a Gamma distribution (van Kampen, 1992), i.e.
as the parametric function of the SAD, although other functions, such as a log-normal, with sufficiently flexible shapes could be used in its place. This distribution approximates the population with a continuous variable, which is useful in the calculations. However, one could have also used its discrete counterpart, i.e. the negative binomial (van Kampen, 1992) . The Gamma distribution at a specific scale depends on the two free parameters α and β; we can make the SAD spatially dependent by substituting α and β with two appropriate functions, α(R) and β(R), that depend on the radius, R, of the circular area we focus on, so that q(n|α(R), β(R)) is our sSAD.
The first two moments of the sSAD have clear interpretations: the first is simply the mean density (number per unit area) of individuals per species, the second is related to the spatial variance that depends on the PCF as we have shown before. These two conditions provide two constraints for the functions α(R) and β(R) which can be used to achieve explicit expressions.
It turns out that the analytic forms of α(R) and β(R) are (see Supporting Information):
where I i and K i are modified Bessel functions of order i of the first and second kind, respectively (Lebedev & Silverman, 1972) . Therefore the final expression for the sSAD as a function of the radius R < R 0 is:
where
Γ(x) is the gamma function and sSAD(n|R, R 0 ) depends on the specific scale of the whole study region which is assumed to be circular with radius R 0 . The empirical number of species found within such a study region is S emp (R 0 ).
From Eq. (9), one also obtains the species area relationship (SAR), that is the mean number of species that live in area A, which, in our case is circular with radius R:
This formula provides us with the whole profile of the SAR and depends on the parameters λ and ρ (from the PCF) and n only (see Fig.S9 for the different SAR shapes obtained when using Eq. (10) in Eq. (11)).
EXTRAPOLATION OF THE SAR AND SAD
The methodology that we have described so far can also be used to extrapolate the profile of the SAR and SAD when a limited number of spatially scattered samples is available. Eqs. (9) and (11) depend upon the total number of species in the whole region with radius R 0 , which is not known explicitly from a limited set of samples but can be estimated by extrapolation. Our full procedure is described in the Supporting Information (section S3), and uses Eq. (11) to upscale from our set of disconnected samples, which cover a total area A samp = πR 2 samp and contain a total number of species S emp (R samp ). Here we give an overview in a few steps.
First, from the samples we calculate the empirical PCF and the mean population density per species for the combined samples. Through a least-squares best fit we then parameterize the theoretical curve defined in Eq. (5) and therefore obtain values for λ and ρ. We compute α and β using Eqs. (7) and (8) Secondly, we calculate the parameters at the scale R 0 : λ, ρ are already known from the samples and we assume that they do not depend on the spatial scale in a first approximation. However, the mean population density per species does depend on the scale, but we can readily calculate it as n up (R 0 ) = S emp (R samp ) n emp (R samp ) /S up (R 0 ), where we have assumed that the summed density of individuals of all species combined is scale independent and n emp (R samp ) is the empirical mean population density per species for the aggregated samples.
To calculate the SAR at finer scales (downscaling), we substitute the parameters λ, ρ, n up (R 0 ) and S up (R 0 ) into Eq. (11) and calculate the SAR at radii R < R 0 . In addition, with the same parameters and Eq. (9) we can also extrapolate the profile of the sSAD, thus estimating the abundances of species in regions that have not yet been sampled (see also Sup-porting Information for further details).
Results
To test the method, we applied it to two focal regions belonging to well-studied forest stands:
Barro Colorado Island (BCI) in Panama and Pasoh Forest Reserve in Malaysia. These two plots allow us to test model predictions against known patterns, and both plots display high but greatly differing species richness. The comparisons between the predicted SAR and SAD at the level of the whole study region and the corresponding empirical data are shown in Fig.2 and
Figs.S5, S6. In particular, Fig.2 shows a comparison between the SAR predicted by a model which places individuals at random in space and our framework. The results demonstrate that spatial aggregation of individuals is important for predicting the correct shape of the SAR and is well captured by the PCF that we have introduced. Fig.3 shows that the method correctly predicts the change of the empirical sSAD curves even at finer spatial scales. We emphasize that these profiles have not been fitted to the empirical curves, but are predictions based solely on the mean density of individuals per species as obtained from the empirical data and the rate of spatial decay in similarity as encapsulated by the PCF (see also Fig.S2 ). Fig.3 is also important for two additional reasons: a) SADs at finer scales reveal that the two study regions are not homogeneous (see error bars in Fig.3 ), however the average (position-independent) SAD captures the overall behaviour of the SAD at different spatial locations with sufficient fidelity (see assumption iii) of the methodology); b) empirical data are consistent with assumption i) of the method, and therefore the empirical SAD at different scales can be well captured by a theoretical SAD whose functional form is the same across scales. The framework can also predict a wide range of different curves, including SARs that are accelerating, decelerating and S-shaped or 'triphasic' (see Fig.S9 ) as recently observed in continental or global SARs (Storch et al., 2012) .
One of the most important advances of our method is that one can exploit it to extrapolate the profile of the SAR and SAD when a limited number of spatially scattered samples is available.
Indeed, we can reconstruct the SAR and SAD from fine scale samples over a small fraction of the region. Conventional methods would require a comprehensive survey to estimate these curves, which would be prohibitively expensive and impractical for many taxa.
The forests in BCI and Pasoh are comprehensively surveyed, but we can simulate an incomplete survey by using only a subset of the data to calculate the mean density of individuals per species and fit our g(r) function. We then use these to estimate the empirical SAR and SAD over the whole study plot by implementing the procedure outlined in the previous sections.
We randomly sampled just over 1% (60 samples) of each study plot with 10m × 10m nonoverlapping samples and repeated the sampling scheme 1,000 times to assess the robustness of the results: Fig.4 shows that the protocol was able to predict the correct profile of the SAR and SAD within the 95% confidence intervals. Thus, our methodology makes it possible to predict the species richness of a region from a small subsample, and to infer the likely abundances of the unobserved species.
If we can upscale species richness from scattered samples, it allows us for the first time to make valid inferences about patterns at coarse scales using incomplete fine-scale data. This in turn allows the cross-scale influence of management or other interventions to be estimated. To demonstrate this, we analyzed hoverfly data collected in cereal fields on paired conventional and organic farms across England (for details, see Gabriel et al. (2010) ). Unlike most other sets of organisms surveyed, hoverflies had been found to be commoner and more species-rich in conventional fields than in organic fields at the α-scale of an individual trap. However, despite the large fluctuations of the spatial correlation (as reflected in the standard deviation of the PCF in Fig.5 ), the PCF of hoverflies was lower on average in organic farms than in conventional ones (upper panels, Fig.5 ), due in large part to the role of widespread aphidophagous species (e.g.
Episyrphus balteatus) that dominate conventional farm samples. This implies greater turnover in species across space in organic farms than in their conventional neighbours, resulting in more rapid species accumulation across scales. Consequently, the predicted SAR for organic farms crosses that of conventional ones, predicting higher diversity for hoverflies on organic farms at a regional scale, despite the lower diversity seen at fine scales (lower panel, Fig.5 ).
Discussion
In the sections above, we have outlined and tested a new analytical approach to dealing with issues of scale in ecological data. It not only provides a method for translating information across scales (e.g. for down-scaling or up-scaling species richness between scales of measurement and scales of interest), it also links multiple ecological patterns together, without the constraints of a particular mechanistic community model.
Other approaches have tended to be insufficiently scale-specific to allow the full range of scales to be inferred (Shen & He, 2008) or else to fit a specific clustering process, which requires more data-hungry methods such as Ripley's K-statistic (Morlon et al., 2008; McGill, 2011) . Our approach, in contrast, is designed to be flexible and suitable for sparsely sampled data. It allows a wide range of different SAR shapes, and further flexibility could be incorporated by the use of different functions within the framework. As demonstrated above, this property should make it possible to conduct biodiversity assessment and monitoring over substantial areas with only a fraction of the effort that would be required for comprehensive surveying. It also allows us to explore some of the broad-scale issues we care about using the sort of fine-scale data we are capable of collecting. If further tests confirm the robustness and predictive power of the method, it should provide a powerful tool for biodiversity research and management.
Our method can be extended to data sets whose similarity-distance decay cannot be captured by simple analytical functions or require a more flexible family of SADs. In fact, provided higher spatial moments can be estimated from the data, additional information can be introduced into an appropriate sSAD and finer details captured. For example, the third moment of the sSAD is related to the triplet correlation function, which can be obtained from point samples in the same way as the PCF. Thus the specific method presented above is only one example of a broader family of methods using different functional forms or potentially non-parametric approaches. The degree to which we can further improve the predictive abilities of these methods through such refinements remains an open question for research. We also expect that it will be possible to extend the approach to calculate other patterns such as the endemic area relationship, to downscale biodiversity and abundance patterns (Azaele et al., 2012; Barwell et al., 2014) to finer scales, and to allow the use of presence/absence or proportional cover information, in addition to the abundance count data used here. Such extensions would widen the set of potential applications of our analytical approach.
In conclusion, this general mathematical framework provides a common language to link different spatial patterns, thus providing a promising route for important applications to biodiversity research and conservation practice. given by the pair correlation function (PCF) and the mean population density per species when we use all the available information in the study region. Black dots represent empirical data. We highlight that this curve was not best-fit to the data, but rather is the SAR as predicted by the PCF and the mean population density, as outlined in the text. The thin solid line represents the SAR that would be predicted if individuals were randomly placed, i.e. spatial aggregation is negligible. See the Supporting Information for the fit of the PCF, the predicted Species Abundance Distribution and the corresponding curves for the Pasoh forest. The area for which we downscaled the sSAD is indicated in the plot label. We divided the whole study region into equal non-overlapping square sub-areas, calculated the Preston classes of abundances as in Volkov et al. (2003) within each sub-area and finally averaged across sub-areas for each corresponding bin. Errors bars in each bin represent 95% confidence intervals as obtained from the empirical data. The PCF and the density were calculated from these samples only. Left panels: for each study plot the solid curve is the median at each scale of the predicted SAR starting from the scale of the sampled area; the gray strip encloses 95% of the predictions (out of 1,000 replicates); the red dots represent the empirical SAR, and the green dots the mean number of species at the scale of a single sample and all the selected samples, respectively. Note that the green dot at the larger scale does not belong to the empirical SAR, because samples were scattered across the entire study regions. Right panels: for each study plot, the solid curve is the prediction of the SAD for the whole study region (median within each bin). Preston classes were calculated as in Volkov et al. (2003) . The red histograms are empirical data. The insets show the empirical SAD at the scale of one sample (black histograms) and all the selected samples (gray histograms), i.e. those which were used for the predictions. Gabriel et al. (2010) ). Green (red) dots represent the empirical PCF found for hoverflies within organic (conventional) farmlands and solid curves are the corresponding best-fitted curves (R 2 adj,green = 0.81, R 2 adj,red = 0.94) with Eq.5. Each dot shows the average PCF calculated within a spatial interval of 25 km. Every error bar is one standard deviations wide and represents the variability within each bin. Solid curves in the lower panel show the upscaled SAR for hoverflies found within organic (green) and conventional (red) farmlands.
